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Abstract
Background: Gene expression within cells is known to fluctuate stochastically in time. However, the origins of
gene expression noise remain incompletely understood. The bacterial cell cycle has been suggested as one source,
involving chromosome replication, exponential volume growth, and various other changes in cellular composition.
Elucidating how these factors give rise to expression variations is important to models of cellular homeostasis,
fidelity of signal transmission, and cell-fate decisions.
Results: Using single-cell time-lapse microscopy, we measured cellular growth as well as fluctuations in the
expression rate of a fluorescent protein and its concentration. We found that, within the population, the mean
expression rate doubles throughout the cell cycle with a characteristic cell cycle phase dependent shape which is
different for slow and fast growth rates. At low growth rate, we find the mean expression rate was initially flat, and
then rose approximately linearly by a factor two until the end of the cell cycle. The mean concentration fluctuated
at low amplitude with sinusoidal-like dependence on cell cycle phase. Traces of individual cells were consistent
with a sudden two-fold increase in expression rate, together with other non-cell cycle noise. A model was used to
relate the findings and to explain the cell cycle-induced variations for different chromosomal positions.
Conclusions: We found that the bacterial cell cycle contribution to expression noise consists of two parts: a
deterministic oscillation in synchrony with the cell cycle and a stochastic component caused by variable timing of
gene replication. Together, they cause half of the expression rate noise. Concentration fluctuations are partially
suppressed by a noise cancelling mechanism that involves the exponential growth of cellular volume. A model
explains how the functional form of the concentration oscillations depends on chromosome position.
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Background
Single-cell experiments have shown gene expression to
fluctuate randomly under constant conditions [1–7],
which can have key consequences for the fidelity of sig-
nal propagation [8], cell fate decisions [9, 10], and fitness
[4, 11–16]. Noise in gene expression is often quantified
by the observed cell-to-cell variability in the production
rate or concentration of a protein when observing many
cells in an isogenic population [1, 17]. Fluctuations in
gene expression can be caused by many local and global
factors such as random binding events of RNA poly-
merase [18], fluctuating concentration of ribosomes, or
availability of amino acids [4, 19]. The cell cycle has
been suggested as a general source of gene expression
noise [17, 19], meaning that, in a snapshot of a popula-
tion, two cells can differ in protein production rate or
concentration because they are in different phases of
their cell cycle. Alternatively, two cells at the same cell
cycle phase can differ because of cell cycle-independent
effects. The key aim of this study is to quantify and dis-
entangle these effects in Escherichia coli, and to mechan-
istically understand cell cycle contributions.
Eukaryotes exhibit distinct cell cycle phases that
display different levels of growth activity and of DNA
replication, which in turn can result in varying expres-
sion levels as the cell cycle progresses. Single-cell inves-
tigations of Saccharomyces cerevisiae have indeed shown
quasi-periodic fluctuations of protein expression rates
[20] and concentrations [21] in synchrony with the cell
cycle. The prokaryotic cell cycle does not display such
distinct replication and growth phases. E. coli, for
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instance, grows and replicates DNA continuously
throughout its cell cycle, though for slow growth there
are periods without replication activity [22, 23]. Expres-
sion activity can be dependent on the cell cycle none-
theless, for example because the replication of a gene
may double the transcriptional activity at a specific
moment in time, as suggested by recent single-cell
studies [17, 24, 25]. That doubling would then in turn
affect enzyme concentration and could cause quasi-
periodic fluctuations. However, at the same time, cells may
exploit specific regulatory mechanisms to filter such pertur-
bations [26, 27]. Direct experimental investigations of the
impact of the bacterial cell cycle on expression variability
are lacking. Elucidating this question is important to under-
stand the origins of gene expression noise, modeling of gen-
etic circuits, and resulting impact on growth variability [28]
as well as other forms of cellular heterogeneity [10].
To address these questions, we followed a single-cell
approach. We imaged E. coli cells as they grew into
micro-colonies and measured gene expression as the
fluorescence signal of chromosomally encoded fluorescent
proteins (Additional file 1: movie S1). As shown herein,
understanding the temporal dynamics requires detailed in-
formation on cellular volume increases in time, as protein
concentrations are affected both by time-dependent ex-
pression and dilution. Thus, we accurately determined
protein expression and cell size at sub-cell cycle reso-
lution. We further developed a model to predict the cell
cycle dependence and amplitude of these quasi-periodic
fluctuations in expression rate and concentration. The
model predicted their dependence on chromosomal pos-
ition, which we tested with genetic constructs.
Results and discussion
The protein production rate fluctuates quasi-periodically
To measure the effect of the cell cycle on protein ex-
pression, we first determined protein production rate as
quantified by the time derivative of the total cellular
fluorescence (Methods). Taking the data for all cells with
a completed cell cycle (n = 393) over all cell cycle phases,
the protein expression rate displayed a total noise inten-
sity (defined as standard deviation divided by the mean)
of 0.48 [17]. When plotting the production rate versus
cell cycle phase ϕ (where 0 is cell birth and 1 is cell div-
ision) and averaging over all cells (Fig. 1a), it displayed
the following trend: it was approximately constant in the
first half, after which it rose to about two-fold at the end
of the cycle (Fig. 1b, Additional file 2: Figure S1). An ini-
tially constant rate and two-fold increase is consistent
with the known chromosome replication pattern for the
observed mean growth rate (0.6 dbl/h): a single chromo-
some copy in the first period of the cell cycle, after
which replication occurs in the second period that pro-
duces two copies [29]. Each chromosome copy then
yields a fixed expression rate. This is not unreasonable,
as other components required for expression, such as
RNA polymerases and ribosomes, also double through-
out the cell cycle. At faster growth, replication occurs
throughout the cell cycle for multiple nested chro-
mosome copies [30]. Consistently, we found that the
production rate was not initially flat, but instead rose
continuously throughout the cell cycle when growing on
a different medium that supported a higher mean
growth rate of 1.8 dbl/h (Additional file 2: Figure S2).
The total increase remained two-fold, in agreement with
an expected doubling of the number of gene copies.
Overall, these data indicate that the mean protein ex-
pression rate is likely proportional to the gene copy
number and hence doubles during chromosome replica-
tion. This variation is more continuous at high growth
rate because of the nested replication and overall higher
gene copy numbers.
Deterministic cell cycle variations contribute to
expression noise
To quantify the contribution of the mean cell cycle fluc-
tuations (Fig. 1b) to protein production noise we split
the single-cell production rate (which is distinct from
the protein concentration) p(ϕ, x) into the population
averaged rate pc ϕð Þ and individual deviations δp(ϕ, x),
which together capture all cell-to-cell variability (Fig. 1a,b):
p ϕ; xð Þ ¼ pc ϕð Þ þ δp ϕ; xð Þ. Here, ϕ denotes the cell cycle
phase and x all other causes of cell-to-cell variability; c re-
fers to cell cycle dependence, which here is redundant be-
cause it is implied by the ϕ dependence but used for
notation consistency. pc ϕð Þ can be estimated by the curve
in Fig. 1b, and subtracted from individual traces to obtain
an estimate for δp(ϕ, x). The noise intensity caused by the
deterministic cell cycle fluctuation pc ϕð Þ is 0.26, which
was obtained by considering the phase ϕ as a random vari-
able and then calculating the variance of the trace. Noise of
the individual expression traces δp(ϕ, x), averaged over all
cells and ϕ, was 0.42 (Additional file 2: Figure S3a). These
values are consistent with a scenario in which population
mean trace pc ϕð Þ and deviation traces δp(ϕ, x) are
independent and thus their variances (squared noise) can
be added up: 0.482 ≈ 0.262 + 0.422. This population-average
cell cycle contribution towards production rate noise does
not include cell cycle stochasticity of individual cells and
we will consider that below.
Concentration fluctuations are buffered by dilution
Fluctuating production rates can cause noise in the pro-
tein concentration. To determine the latter, we quanti-
fied the mean fluorescence per unit area of the cell. The
noise intensity of 0.15 (0.10 for fast growth), which was
obtained by taking the data of all cells and at all cell
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cycle phases, was consistent with previous reports [1].
After ordering by cell cycle phase and averaging (Fig. 1c),
the concentration also showed systematic variations
(Fig. 1d, Additional file 2: Figure S1): it increased slightly
right after cell birth, then decreased and finally rose
again. The amplitude of these variations was 4 % of the
mean. This low value (Additional file 2: Figure S3b) and
the initial increase seemed inconsistent with the large
amplitude of variations in production rate caused by the
cell cycle, as well as with the initially constant value of
production rate (Fig. 1b) [25].
To get a more intuitive understanding of these differ-
ences, we formulated a minimal cell cycle model based on
the measured cell cycle dependency of production rate
(Fig. 1b). The concentration cannot be determined by sim-
ply integrating the production rate, as this would ignore
dilution due to volume growth. To quantify the volume
growth, we determined for each cell its length and its de-
pendence on the cell cycle phase (Fig. 1e, Methods) [28].
The population mean cell length L ϕð Þ was well described
by an exponential function (Fig. 1f) [31–33], and not by
bi-linear or linear functions (Additional file 2: Figure S4),
as suggested previously [34–37]. Therefore, an exponential
function for cell size was used as input for the minimal
model (Fig. 2b). With a mean protein production p ϕð Þ at
phase ϕ (Fig. 2a), the concentration E

ϕð Þ can then be
written as: E









=L ϕð Þ, where F0
is the total amount of protein at cell birth.
By design, E

ϕð Þ (Fig. 2c) reproduced the measured data
(Fig. 1d) and provided an explanation for the observed
functional form, including the counterintuitive increase in
concentration at the beginning of the cell cycle, before
duplication occurs. As E

ϕð Þ is periodic, we know that
increases (dilution rate smaller than expression rate) are
balanced by decreases (dilution rate larger than expression
rate). In cases where duplication occurs late, the
expression rate is essentially constant because there is only
one gene copy, while the dilution rate changes. Thus,
dilution is then comparatively weak at the beginning of
the cell cycle, resulting in an increasing concentration,
while dilution is comparatively strong further into the cell
cycle, resulting in decreasing concentrations. This ration-
ale also explains why concentration fluctuations are small:
the functional form of the total fluorescence (as a function
of the cell cycle phase) is almost identical to that of the
volume (Fig. 2b).
Stochastic replication timing contributes to expression
noise
The single cell data also suggested that stochasticity in























































































Fig. 1 Dependence of protein production rate (a, b), protein concentration (c, d) and cell length (e, f) on cell cycle phase. Observables are normalized
by the respective population average and therefore unitless. (a, c, e) Data for 393 cells (gray) with three example traces and the binned colony average
(thick black line). Histograms display the total frequency of production rate or concentration values summed over all phases. To convey the differences
in noise intensity, a bar of size 0.2 times the population mean is displayed. (b, d, f) Phase-dependence of the binned data. In (f) an exponential function
(black dashed line) is fitted to the averaged cell length. Error bars are obtained by bootstrapping. For cell length, error bars are plotted but are smaller
than the line thickness. Growth was on minimal medium supporting a growth rate of 0.6 dbl/h
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noise, which is supported by previous studies [23, 38]
(Fig. 1a, thin lines). In other words, δp(ϕ, x) would be
the sum of fluctuations caused by cell cycle stochasticity
δpc(ϕ, ν) and of fluctuations δpnc(x) unrelated to the cell
cycle (Fig. 3a). Here, v is the cell cycle phase at which
the gene of interest is replicated and v varies from cell
to cell. Thus, the sum of δpc(ϕ, ν) and the population-
average pc ϕð Þ yield all the fluctuations pc(ϕ, ν) caused by
the cell cycle. To determine the stochastic contribution
of the cell cycle to the expression noise, one needs to
quantify δpc(ϕ, ν). However, it is not trivial to distinguish
δpc(ϕ, ν) from the other stochastic, non-cell cycle varia-
tions in the experimental single-cell traces.
To overcome this problem, we started with pc(ϕ, ν)
and followed a variance decomposition approach using
the law of total variance [39, 40]. The variance of the full
cell cycle fluctuations can be decomposed as follows:
Var pc ϕ; νð Þð Þ ¼ Var pc ϕ; νð Þjϕð Þh i
þ Var pc ϕ; νð Þjϕh ið Þ ð1Þ
Here, angular brackets denote averaging, and the nota-
tions Var(… |ϕ) and 〈 … |ϕ〉 indicate, respectively, the
variance and the average for a given phase ϕ (conditioned
on ϕ). In the second term, the brackets thus indicate
an averaging over the stochastic variable v, which
yields pc ϕð Þ. Next, the variance is taken. This variance
was in fact calculated previously, and found to be (0.26)2
(Fig. 1b). Thus, the second term indicates the determinis-
tic contribution to the cell cycle induced noise.
In the first term, the variance of pc(ϕ, ν) is determined
conditionally on ϕ, and then averaged. This term thus
denotes the stochastic contribution to the cell cycle-
induced noise. The data does not directly provide an
estimate of this variance, because the cell cycle-induced
noise and noise from other sources are confounded in
the measured single-cell traces of the production rate
(Fig. 1a). Indeed, in these traces, other noise sources,
such as metabolism [28] and fluctuating transcription
factors [1], are substantial and can mask the quick two-
fold increase expected from gene replication events.
However, in a subset of traces, the two-fold increase was
clear (Fig. 3b,c, Methods). Fitting each of these traces
with a step-function (Additional file 2: Figure S5)
provided a distribution of the step-moment, v. We
obtained a wide distribution for v with a mean 0.64 and
a standard deviation of 0.17 (Fig. 3c). To check whether
this distribution was consistent with the full dataset, we
compared the average of the fitted step-functions to the
average of all measured traces ( pc ϕð Þ, Fig. 1b), and found
that they were similar (Fig. 3d). These findings suggested
that gene duplication events with stochastic timing in
individual cells underlie the smooth shape of the popula-
tion average production rate (Fig. 1b).
The distribution of v (Fig. 3c) now allowed us to esti-
mate the first term in eq. (1), by first determining the
variance of the step-functions at fixed phase, and then
averaging over all phases (Additional file 2: Figure S6a).
We obtained a value of (0.23)2 for this stochastic contribu-
tion of the cell cycle to expression noise, which is compar-
able in magnitude to the deterministic contribution
denoted by the second term ((0.26)2, Additional file 2:
Table S1). Thus, variability in initiation timing contributes
substantially to the cell cycle-induced noise. The deter-
ministic and stochastic contributions together (pc(ϕ, ν))
thus caused a variance of (0.23)2 + (0.26)2 = (0.35)2, which
is about half (52 %) of the protein production variance
(Fig. 5b, Additional file 2: Table S1).
To estimate how the protein concentration noise is
affected by the cell cycle, we computed the concentration
traces resulting from the step-like production rate func-
tions (Additional file 2: Figure S6a). For each pc(ϕ, ν) of
the set (Fig. 3c) the corresponding concentration curve
was computed, considering that proteins are diluted due
to volume growth (Additional file 2: Figure S6b). We
found that the quasi-periodic concentration fluctuations
caused by the cell cycle (which includes deterministic and




































Fig. 2 Model for cell cycle dependence of protein concentration. a Average protein production rate normalized by the mean. b Exponential
length increase normalized to a mean of one (black). Population average protein production rate integrated in time, or the population average
total fluorescence (green). c Determined cellular protein concentration, given by the green signal divided by the black line in panel b
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stochastic components) contributed less than 1.5 % to
the variance in protein concentration (Additional file 2:
Figure S6b and Fig. 5b). Note that one can distinguish
contributions from the population average trend (Fig. 1d)
and the stochastic deviations around it due to variability
in replication timing (less than 1 % contribution each,
Additional file 2: Table S1).
Location on the chromosome affects expression
fluctuations
Chromosome replication is initiated at the origin of rep-
lication (oriC) from which two replication forks then
progress simultaneously and bi-directionally along the
two strands of DNA [41]. This raises two expectations:
first, genes located at opposite sides but at the same dis-
tance from oriC should be duplicated at the same time
and thus show the same cell cycle dependence of protein
production and concentration. Second, if one gene is lo-
cated upstream of the other, the increase in protein
production should occur earlier. To test the first predic-
tion, we investigated a cfp gene positioned symmetrical
to the yfp gene studied so far, at the opposite strand at
the same distance from oriC (Methods, Fig. 4a inset).
We indeed found that both reporters displayed a similar
dependence of production rate and concentration on cell
cycle phase (Fig. 4ab, Additional file 2: Figure S1).
To change the position we studied a gfp gene under
Plac control closer to oriC than yfp or cfp (Methods,
Fig. 4e). As expected from the earlier replication, the
GFP production rate indeed increased earlier than the
previous YFP signal (Fig. 4e). It started comparatively
low, then increased more than two-fold and subse-
quently decreased again to end at twice the initial rate
(Fig. 4e). The cause of the high fold-change and decrease
is unknown, but changes in chromosome structure or
transient improvement in competition for RNA poly-
merases for this promoter (two binding sites at the two
replicated genes) could play a role. As predicted by the






























































distribution of replication phase ν
a b
c d
Fig. 3 Production rates of single cells. a Description of variables used for noise decomposition. The protein production rate p(ϕ, x) (red line) is the
sum of three contributions: (1) the population-average cell cycle fluctuations pc ϕð Þ (black line), (2) the contribution due to stochastic replication
timing (difference between blue and black line, δpc(ϕ, ν)), and (3) stochasticity resulting from other, unknown, noise sources (difference between red
and blue line, δpnc(x)). The sum of δpc(ϕ, ν) and δpnc(x) represents all of the stochastic contributions δp(ϕ, x). The phase at which replication occurs is
denoted by v. b Experimental traces of three different cells (thick lines) and fitted step functions (thin lines). See Additional file 2 for definition of step
function. Initial value was set to 1 and data is slightly vertically shifted for clarity. c Histogram of v. Data is from 53 cells in which a step-function could
be discerned from the rest of the noise (13.5 % of the traces). d Comparison of experimental average production rate curve (gray line) and mean of
ideal step functions (orange line). Experimental curve is the same as in Fig. 1b, which was obtained from binning the data according to cell cycle phase
and averaging over n = 393 cells
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model (Fig. 4c,d), the dip in GFP concentration occurred
earlier and the initial increase disappeared (Fig. 4f ). The
magnitude of fluctuations remained at around 4 %.
Overall, these data show that gene position on the
chromosome affects cell cycle-related noise.
Conclusions
In summary, we found that the cell cycle can be a major
causal factor of observed noise in the rate of gene ex-
pression (52 %), with the rest coming from other sources
such as metabolism [28, 42, 43], transcription factors [8],
or expression machinery [18] (Fig. 5a). Within the cell
cycle contribution, the data suggests two components: a
deterministic mean determined by the cell phase (29 %),
and a stochastic contribution caused by variability in the
timing of replication (23 %) (Fig. 5b). The initially flat
production rate suggested gene copy number is the main
factor in cell cycle-induced expression rate variations,
though alternative factors, such as cell cycle-induced
variations in transcription factor concentrations, could
also contribute.
The analysis indicated a noise-cancelling mechanism:
even sudden two-fold production rate increases caused
by replication of the gene are effectively compensated
for by an acceleration of dilution due to exponential
growth [26, 27] (Fig. 5b). The observed minor effect of
the cell cycle on the protein concentration is thus due to
a passive homeostasis mechanism that exploits the
balance between synthesis and dilution. When proteins
are actively degraded, this noise cancelling mechanism
would be less efficient. We note that a similar, but likely
active, balancing between synthesis and dilution was ob-
served in mammalian cells where transcription rate is
adjusted to cell size [44, 45]. The homeostatic mechan-
ism we observed does not necessarily act on noise from
other sources, such as fluctuations in RNA polymerase
availability [18] or transcription factors [2], if they are
not synchronized with exponential volume growth.
Indeed, concentrations do display significant noise inten-
sities (0.15 for slow growth, 0.10 for fast growth). We
note that other cancelling mechanisms can act on non-
cell cycle expression noise. For instance, metabolic noise
that causes expression noise is partially compensated for
by increased growth [28].
Our findings provide insight into how elementary pro-
cesses, such as gene replication events and volume
growth, can cause and filter noise in bacterial cells.
Elucidating the sources of gene expression noise is
important to obtaining a bottom-up understanding of
cellular heterogeneity, cellular homeostasis, and cell cycle
regulation, and to providing input for mathematical





































































































Fig. 4 Influence of chromosomal position. Production rate (a) and concentration (b) for genes at equidistant and symmetric positions with
respect to the origin of replication. Observables were normalized by the population mean. (Inset) Locations of fluorescent genes and origin of
replication oriC on the DNA. Different replication times (c, light to dark gray) and their predicted influence on the concentration (d). Production
rates are slightly vertically shifted for clarity. (Normalized) production rate (e) and concentration (f) of GFP (strain ASC636, green line) compared to
YFP (strain MG22, gray line). GFP data is from 296 cells with complete cell cycle that have on average seven data points/cell cycle. (Inset) Location
of gfp compared to other fluorescent genes. Error bars are obtained by bootstrapping
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previous demonstrations that variance decomposition can
be a useful tool in disentangling different noise sources
within cells.
Methods
Strains, growth media, and cell growth
E. coli strain MG22 [1] was used for all experiments
unless noted otherwise. This strain is a derivative of
MG1655 that contains yfp and cfp under control of a lac
promoter, which were inserted into the chromosome at
the intC and galK locus. These two loci are equidistant
from the origin of replication, on opposite halves of
the circular chromosome. Additionally, we used strain
ASC636 in which gene lacA of the lac operon was
replaced by gfp (constructed by A. Böhm).
For microscopy experiments we used either M9 minimal
medium (main text figures) or rich defined medium
(MOPS EZ rich defined medium from Teknova, Additional
file 2: Figure S2). M9 was supplemented with 200 μM ura-
cil and 0.1 % maltose was added as a carbon source, yield-
ing a growth rate of 0.6 dbl/h. To the rich medium we
added 0.2 % glycerol as a carbon source, yielding a growth
rate of 1.8 dbl/h. In all experiments we also added 200 μM
IPTG to fully induce the lac promoters.
Cells were inoculated in the morning from −80 °C
glycerol stock into tryptone yeast (TY) medium and
grown for 7 h at 37 °C. Then, cells were diluted highly
(~1/10,000 to ~1/100,000) to three different final concen-
trations into the defined experimental medium (see above).
TY was thereby diluted to <0.05 vol% and remaining TY
was consumed by the cells. Cells were grown overnight
and the next morning a falcon tube with still exponentially
growing cells (OD600 < 0.2) was chosen. Cells were diluted
again to OD600 = 0.005 and then used for microscopy.
Sample preparation and microscopy
The sample preparation for microscopy was done in the
warm room at 37 °C to minimize temperature stress.
We placed a polyacrylamide gel into a glass chamber,
pipetted 1 μL of cells onto the gel and closed it with a
coverslip. The sample was sealed with a metal clamp
(Additional file 2: Figure S7a). This setup provides an
oxygen reservoir for the cells but avoids gel dehydration.
To produce polyacrylamide gels, we mixed 1.25 mL
40 % acrylamide, 3.7 mL water, 50 μL fresh 10 % ammo-
nium persulfate, and 5 μL TEMED, poured it into a glass
chamber and let it polymerize [28, 46]. Then, the gel
was cut into pieces of ~1 cm2 and stored in a falcon
tube with water (Milli-Q). Before the experiment a gel
pad was placed into a falcon tube with 5 mL of the
respective growth medium and the medium was ex-
changed several times.
Cells were imaged with a Nikon TE2000-E inverted
microscope using a 100× oil objective (Nikon, Plan Fluor
NA 1.3) and additionally 1.5× intermediate magnification.
It was equipped with a cooled CCD camera (Photometrix,
Cool-Snap HQ), a Xenon arc lamp with liquid light guide
(Sutter, Lambda LS) for fluorescence illumination, com-
puter controlled shutters (Sutter, Lambda 10–3 with
SmartShutter), and an automated stage (Märzhäuser). The
microscope was located in an incubation chamber (Solent)
to keep the temperature at 37 °C. Fluorescence filters were
obtained from Chroma and we used #49003 (YFP),











Fig. 5 Summary of observed contributions to gene expression noise. a The cell cycle causes fluctuations in the protein production rate, through
deterministic and stochastic contributions. Other non-cell cycle-related sources contribute as well. The fluctuations in protein concentration are
determined by protein production noise and dilution due to growth. b Contributions of the different noise sources, as described in panel a, as fractions
of the total observed variance in gene expression (Additional file 2: Table S1)
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acquisition were computer controlled with MetaMorph
software (Molecular Devices).
We searched the pad for isolated cells and manually
saved the positions of 4–6 cells. Then, an automated script
was looped repeatedly (for up to 20 h) over all positions
and images of the growing microcolonies were acquired.
Loop times were adjusted to cell doubling times and we
used 100 sec/loop for μ = 0.6 dbl/h (main text figures) and
45 sec/loop for μ = 1.8 dbl/h (Additional file 2: Figure S2).
Each loop, the routine refocused based on image contrast
(Brenner algorithm) and acquired phase contrast images
at three different heights (±0.2 μm off focus and in focus).
Fluorescence images were acquired approximately every 7
loops to reduce photodamage and bleaching. This resulted
in 55 phase contrast and 8 fluorescence images per cell
cycle, on average. Fluorescence images were 2 × 2 binned
to increase signal-to-noise ratio and illumination was kept
as short as possible (YFP: 25 ms, CFP: 30 ms, GFP:
50 ms). Growth rates under the microscope were very
similar to bulk growth rates in a plate reader.
Movies were obtained until cells formed a second layer
or outgrew the field of view, which happened usually
after 8–9 generations and a colony size of several hun-
dred cells. Each experiment was performed at least twice
(Additional file 2: Figure S1). Data of YFP and CFP
(which are encoded in the same strain) that is displayed
in a single figure was obtained from the same micro-
colony in the same experiment (e.g. Fig. 4ab, Additional
file 2: Figure S1 and Figure S2). The replicate displayed
in Additional file 2: Figure S1 is a different experiment
than Fig. 1. Experiments at different growth rates (e.g.
Fig. 4ab versus Additional file 2: Figure S2) are also inde-
pendent experiments. GFP is encoded in a different
strain, and hence the GFP data was measured in differ-
ent experiments than the YFP and CFP data.
Image analysis
Images were analyzed with custom MATLAB software
(MathWorks) based on Schnitzcells [47]. An automatic
script determined cell outlines by applying a Laplacian
of Gaussian filter to the averaged phase contrast image
and then cut accidently connected groups of cells based
on the concavity of the cell outline (Additional file 2:
Figure S7b). Segmentation was checked manually and
corrected if necessary. Cells were then tracked from
image to image, resulting in a branch-structured lineage
tree, and tracking was checked manually. For all cells
with an observed complete cell cycle each measured
time point was associated with a cell cycle phase, with 0
being cell birth and 1 cell division.
Cellular length was used as measure for cell size be-
cause the rod shaped E. coli only grow along their long
axis and cell width is independent of cell cycle phase
(Additional file 2: Figure S8, ref. [48], contrary to results
in ref. [49]). We fitted a third degree polynomial through
the silhouette of the segmented cell [28]. The cell length
was then obtained by integrating the curve between both
cell poles.
Fluorescence images were corrected for alignment off-
set, background (camera noise), uneven illumination,
and were deconvolved to suppress blur (Additional file
2: Figure S7c). To obtain autofluorescence intensity we
measured a non-fluorescent strain (MG1655) with the
same illumination settings as standard experiments.
Measured signal intensity was 2.5 % (CFP) resp. 0.4 %
(YFP) of the actual concentration signal from fluorescent
proteins. Fluorescence signals were not corrected for au-
tofluorescence because this was small compared to the
signal and only introduced a constant offset with no ef-
fect on the results.
The total fluorescence of each cell was determined by
summing up the pixel intensities within the cellular out-
line. The protein production rate p(t) was determined as
the slope of a linear fit of three consecutive total fluores-
cence data points centered around t. For the first and
last measurement of the cell cycle, fluorescence informa-
tion of parent and daughter cells, respectively, was used
to determine the slope. Protein concentrations were cal-
culated by dividing total fluorescence by the segmented
cellular area.
Data processing
We analyzed cell cycles within a time window of the
experiment that showed a constant population-mean
growth rate and mean protein concentration. Population
mean growth and concentration were considered con-
stant when they fluctuated less than 5 % around the
long-term average (for GFP in strain ASC636 10 % was
used as cutoff criterion). Cells that stopped growing or
were filamented were removed (less than 15 cells per
dataset). The fraction of analyzed cells relative to all cells
observed with a complete cell cycle was over 86 % for
MG22 datasets and over 50 % for ASC636 datasets. The
main conclusions were robust to taking the complete
data set of growing non-filamentous cells with complete
cell cycles. Datasets contained between 215 selected cells
(large cells in rich medium) to 435 selected cells
(minimal medium). If one dataset was used for multiple
plots (e.g. Figs. 1 and 4a,b), the same cells were analyzed.
Traces of production rate (Fig. 3) for individual cells
were considered ‘step-traces’ when they deviated from a
fitted step-trace (see also Additional file 2) less than a
fixed threshold. To be considered a step-trace, the mean
squared deviation of a data point on the trace from the
fitted value had to be below 2 % of the squared trace-
average. Figures and percentages in the main text are
determined from one microcolony per strain and growth
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condition. Results for the repeat experiment are shown
in Additional file 2: Figure S1.
To determine the average dependence of a signal (e.g.
concentration) on cell cycle phase we binned the signal
according to phase and averaged it within each bin
(Fig. 1b,d,f ). Error bars are standard errors of the mean
from a resampled distribution of the signal, obtained by
bootstrapping from the experimental data for each bin.
The contribution of a specific noise source X (for ex-
ample, deterministic cell cycle variations) to total protein
production noise was calculated by using the additivity of
variances for independent variables. The production rate p
was, for example, written as sum p =X + Y with Y being
the unknown, unmeasured, fluctuations (such as δp(ϕ, x),
see also main text). Then, Var(p) =Var(X) +Var(Y), and
the fraction of the variance in p, which is caused by X, is
Var(X)/Var(p). We normalized variables such as p by their
mean so that the squared noise is identical to the variance.
For example, the contribution of pc ϕð Þ to p(ϕ, x) is 0.262/
0.482. For protein concentration, the calculation is
identical.
Additional files
Additional file 1: Movie S1. Time lapse movie of growing cells. Phase
contrast and yfp fluorescence channel for MG22 cells grown on M9+ 0.1 %
maltose + 200 μM Iptg (for example Fig. 1). The movie covers a time of 12 h
40 min. (AVI 863 kb)
Additional file 2: Figures S1-S8, Table S1. Supplementary methods.
(DOCX 1071 kb)
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
NW and SJT designed the research. NW performed the experiments. NW, PN,
and SJT analyzed the data. NW and PN developed the model. NW, PN, and
SJT wrote the paper. All authors read and approved the final manuscript.
Acknowledgements
This work is part of the research program of the Foundation for Fundamental
Research on Matter (FOM), which is part of the Netherlands Organization for
Scientific Research (NWO).
Received: 24 September 2015 Accepted: 21 January 2016
References
1. Elowitz MB, Levine AJ, Siggia ED, Swain PS. Stochastic gene expression in a
single cell. Science. 2002;297:1183–6.
2. Choi PJ, Cai L, Frieda K, Xie XS. A stochastic single-molecule event triggers
phenotype switching of a bacterial cell. Science. 2008;322:442–6.
3. Dunlop MJ, Cox RS, Levine JH, Murray RM, Elowitz MB. Regulatory activity
revealed by dynamic correlations in gene expression noise. Nat Genet.
2008;40:1493–8.
4. Kaern M, Elston TC, Blake WJ, Collins JJ. Stochasticity in gene expression:
from theories to phenotypes. Nat Rev Genet. 2005;6:451–64.
5. Taniguchi Y, Choi PJ, Li G-W, Chen H, Babu M, Hearn J, et al. Quantifying E.
coli proteome and transcriptome with single-molecule sensitivity in single
cells. Science. 2010;329:533–8.
6. Raj A, van Oudenaarden A. Single-molecule approaches to stochastic gene
expression. Annu Rev Biophys. 2009;38:255–70.
7. Cai L, Friedman N, Xie XS. Stochastic protein expression in individual cells at
the single molecule level. Nature. 2006;440:358–62.
8. Pedraza JM, van Oudenaarden A. Noise propagation in gene networks.
Science. 2005;307:1965–9.
9. Süel GM, Garcia-Ojalvo J, Liberman LM, Elowitz MB. An excitable gene
regulatory circuit induces transient cellular differentiation. Nature.
2006;440:545–50.
10. Balázsi G, van Oudenaarden A, Collins JJ. Cellular decision making and
biological noise: from microbes to mammals. Cell. 2011;144:910–25.
11. Kussell E, Leibler S. Phenotypic diversity, population growth, and
information in fluctuating environments. Science. 2005;309:2075–8.
12. Balaban NQ, Merrin J, Chait R, Kowalik L, Leibler S. Bacterial persistence as a
phenotypic switch. Science. 2004;305:1622–5.
13. Wakamoto Y, Dhar N, Chait R, Schneider K, Signorino-Gelo F, Leibler S, et al.
Dynamic persistence of antibiotic-stressed mycobacteria. Science.
2013;339:91–5.
14. Ta S, Tănase-Nicola S, ten Wolde PR. Regulatory control and the costs and
benefits of biochemical noise. PLoS Comput Biol. 2008;4:e1000125.
15. Kalisky T, Dekel E, Alon U. Cost-benefit theory and optimal design of gene
regulation functions. Phys Biol. 2007;4:229–45.
16. Mora T, Walczak AM. Effect of phenotypic selection on stochastic gene
expression. J Phys Chem B. 2013;117:13194–205.
17. Rosenfeld N, Young JW, Alon U, Swain PS, Elowitz MB. Gene regulation at
the single-cell level. Science. 2005;307:1962–5.
18. Yang S, Kim S, Rim Lim Y, Kim C, An HJ, Kim J-H, et al. Contribution of RNA
polymerase concentration variation to protein expression noise. Nat
Commun. 2014;5:4761.
19. Swain PS, Elowitz MB, Siggia ED. Intrinsic and extrinsic contributions to
stochasticity in gene expression. Proc Natl Acad Sci U S A. 2002;99:12795–800.
20. Zopf CJ, Quinn K, Zeidman J, Maheshri N. Cell-cycle dependence of
transcription dominates noise in gene expression. PLoS Comput Biol.
2013;9:e1003161.
21. Cookson NA, Cookson SW, Tsimring LS, Hasty J. Cell cycle-dependent
variations in protein concentration. Nucleic Acids Res. 2010;38:2676–81.
22. Wang JD, Levin PA. Metabolism, cell growth and the bacterial cell cycle.
Nat Rev Microbiol. 2009;7:822–7.
23. Adiciptaningrum AM. Phase variation of type 1 fimbriae: a single cell
investigation. Amsterdam: University of Amsterdam; 2009.
24. Yu J, Xiao J, Ren X, Lao K, Xie XS. Probing gene expression in live cells, one
protein molecule at a time. Science. 2006;311:1600–3.
25. Marathe R, Bierbaum V, Gomez D, Klumpp S. Deterministic and stochastic
descriptions of gene expression dynamics. J Stat Phys. 2012;148:608–27.
26. Acar M, Pando BF, Arnold FH, Elowitz MB, Van Oudenaarden A. A general
mechanism for network-dosage compensation in gene circuits. Science.
2010;329:1656–60.
27. Becskei A, Serrano L. Engineering stability in gene networks by
autoregulation. Nature. 2000;405:590–3.
28. Kiviet DJ, Nghe P, Walker N, Boulineau S, Sunderlikova V, Tans SJ.
Stochasticity of metabolism and growth at the single-cell level. Nature.
2014;514:376–9.
29. Koppes LH, Woldringh CL. Size variations and correlation of different cell
cycle events in slow-growing Escherichia coli. J Bacteriol. 1978;134:423–33.
30. Cooper S, Helmstetter CE. Chromosome replication and the division cycle of
Escherichia coli B/r. J Mol Biol. 1968;31:519–40.
31. Cooper S. What is the bacterial growth law during the division cycle?
J Bacteriol. 1988;170:5001–5.
32. Cooper S. Distinguishing between linear and exponential cell growth
during the division cycle: single-cell studies, cell-culture studies, and the
object of cell-cycle research. Theor Biol Med Model. 2006;3:10.
33. Mir M, Wang Z, Shen Z, Bednarz M, Bashir R, Golding I, et al. Optical measurement
of cycle-dependent cell growth. Proc Natl Acad Sci U S A. 2011;108:13124–9.
34. Reshes G, Vanounou S, Fishov I, Feingold M. Cell shape dynamics in
Escherichia coli. Biophys J. 2008;94:251–64.
35. Kubitschek HE. Bilinear cell growth of Escherichia coli. J Bacteriol. 1981;148:730–3.
36. Kubitschek HE. Increase in cell mass during the division cycle of Escherichia
coli B/rA. J Bacteriol. 1986;168:613–8.
37. Kubitschek HE, Pai SR. Variation in precursor pool size during the division
cycle of Escherichia coli: further evidence for linear cell growth. J Bacteriol.
1988;170:431–5.
38. Skarstad K, Boye E, Steen HB. Timing of initiation of chromosome replication
in individual Escherichia coli cells. EMBO J. 1986;5:1711–7.
Walker et al. BMC Biology  (2016) 14:11 Page 9 of 10
39. Bowsher CG, Swain PS. Identifying sources of variation and the flow of information
in biochemical networks. Proc Natl Acad Sci U S A. 2012;109:E1320–8.
40. Hilfinger A, Paulsson J. Separating intrinsic from extrinsic fluctuations in
dynamic biological systems. Proc Natl Acad Sci U S A. 2011;108:12167–72.
41. White D, Drummond J, Fuqua C. The physiology and biochemistry of
prokaryotes. 4th ed. New York: Oxford University Press; 2012.
42. Lu HP, Xun L, Xie XS. Single-molecule enzymatic dynamics. Science.
1998;282:1877–82.
43. Van Heerden JH, Wortel MT, Bruggeman FJ, Heijnen JJ, Bollen YJM, Planqué R,
et al. Lost in transition: start-up of glycolysis yields subpopulations of
nongrowing cells. Science. 2014;343:1245114.
44. Kempe H, Schwabe A, Cremazy F, Verschure PJ, Bruggeman FJ. The volumes
and transcript counts of single cells reveal concentration homeostasis and
capture biological noise. Mol Biol Cell. 2014;26:797–804.
45. Padovan-Merhar O, Nair GP, Biaesch AG, Mayer A, Scarfone S, Foley SW,
et al. Single mammalian cells compensate for differences in cellular volume
and DNA copy number through independent global transcriptional
mechanisms. Mol Cell. 2015;58:1–14.
46. Nghe P, Boulineau S, Gude S, Recouvreux P, van Zon JS, Tans SJ.
Microfabricated polyacrylamide devices for the controlled culture of
growing cells and developing organisms. PLoS One. 2013;8:1–11.
47. Young JW, Locke JCW, Altinok A, Rosenfeld N, Bacarian T, Swain PS, et al.
Measuring single-cell gene expression dynamics in bacteria using
fluorescence time-lapse microscopy. Nat Protoc. 2012;7:80–8.
48. Taheri-Araghi S, Bradde S, Sauls JT, Hill NS, Levin PA, Paulsson J, et al.
Cell-size control and homeostasis in bacteria. Curr Biol. 2014;25:1–7.
49. Trueba FJ, Woldringh CL. Changes in cell diameter during the division cycle
of Escherichia coli. J Bacteriol. 1980;142:869–78.
•  We accept pre-submission inquiries 
•  Our selector tool helps you to find the most relevant journal
•  We provide round the clock customer support 
•  Convenient online submission
•  Thorough peer review
•  Inclusion in PubMed and all major indexing services 
•  Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit
Submit your next manuscript to BioMed Central 
and we will help you at every step:
Walker et al. BMC Biology  (2016) 14:11 Page 10 of 10
